This methodological article discusses the influence of individuals' beliefs about their abilities to use and control robotic technologies on their evaluation of human-robot-interaction (HRI). We conducted three surveys to develop and validate a new measure of Self-Efficacy in HRI. Exploratory factor analysis revealed a twofactorial (factors perceived self-efficacy and loss of control) solution with good reliability (Study 1, n = 201). Confirmatory factor analysis did not confirm the two-factorial structure. Instead, it revealed a better model fit for a one-factorial solution for a German (Study 2, n = 450) and an English version (Study 3, n = 209) of the scale with good indices for convergent and divergent validity. The final questionnaire with 18 items was used in two experimental studies (Study 4, n = 120). We found that interacting with a robot increased self-efficacy and that individual changes in self-efficacy predict more positive evaluations within a student sample, but not a sample of seniors. Interviews with seniors from this study suggested shortening the scale, and revising the instructions and answering scheme. The revised scale was again subject to confirmatory factor analysis (Study 5, n = 198), confirming the one-factorial solution for the German and the English version of the scale. We discuss potential use cases for the scale in HRI research.
INTRODUCTION
Although robots are certainly on the move, they are still mostly found in research labs and sometimes in small controlled field trials. Only a few systems have invaded public and private spaces and are put to use for everyone, such as household devices (e.g., robotic vacuum cleaner and lawn mower). Hence, people's experiences with robots are still rather limited and their expectations are mainly based on science fiction or media coverage of the robotics topic [57] . In a recent representative survey in Germany, however, already 26% of the participants had experience with robots [34] . It was the belief of 76% of the participants that, in the future, robots will play an important role
Research Objectives
The aim of this investigation is to create a German and an English version of a valid and reliable instrument for measuring people's perceived self-efficacy in dealing with robots. Therefore, the first study covers the development of a first version of this instrument including the item generation, their properties and quality, and the analysis of the factorial structure with an explorative factor analysis. In Study 2, we check the revealed factorial structure with a confirmatory factor analysis and optimize the final version of the instrument. In addition, we examine convergent and discriminant validity for the SE-HRI. In a third study, we translated the German version into the English language and tested it on an English sample. Subsequently, we conducted two laboratory studies to test the SE-HRI questionnaire in an experimental setting, and based on the feedback we received, we decided to revise the scale and run another online study as basis for a confirmatory factor analysis on a shorter version of the scale.
STUDY 1-EXPLORATORY FACTORIAL ANALYSIS OF THE GERMAN VERSION
The first study's aims were to examine the generated items for the SE-HRI Scale in terms of their quality as well as to explore the scale's factorial structure.
Item Generation
Following principles from classic test theory and scale development, it is suggested to start off with a three to four times larger pool of items than the final scale [31] . This is to capture as many characteristics as possible while achieving a high level of reliability and sorting out random errors like misunderstandings or individual interpretations [30] . Thus, the first version of the SE-HRI Scale consists of 50 items that were either adapted from different questionnaires (27 items) or theoretically generated (23 items) . A complete list of all 50 items and their original sources can be found in the appendix (cf. Appendix A2). The majority of the adapted items stems from the Computer User Self-Efficacy scale (CUSE) [18] , which is a 30-item scale that measures the individual beliefs a person has about their own skills and abilities to successfully use a computer or achieve goals by using it. Because both computers and robots represent some kind of technical device that requires technique-related self-efficacy, some similarities can be drawn between these two systems. Therefore, we adapted 15 items of the CUSE so that they match the self-efficacy in human-robot-interaction construct. For example, "I find working with computers very easy" was changed to "I think working with a robot is very easy." According to Bandura's [6] guide for constructing self-efficacy scales, "items should be phrased in terms of can do rather than will do" (p. 308), because "will" is a statement referring to intention rather than referring to capability. However, most people never had any contact with a robot and, therefore, we decided to phrase the items more tentatively, e.g., "I think . . . , " "I could . . . ," "I would . . . ," instead of the more concrete "I can . . . , " as it was used in the CUSE. We also included three items of the General Self-Efficacy Scale by Jerusalem and Schwarzer [60] , which measures the perceived self-efficacy of a person in general. As an example, "If I am in trouble, I can usually think of a solution" has been changed to "If I should solve a problem with the assistance of a robot, I could do that." Further items were adapted from the Technology-Related Self-Concept Questionnaire [42] , the questionnaire of the Unified Theory of Acceptance and Use of Technology [UTAUT; 69] , and the self-efficacy subscale of the Multi-dimensional Robot Attitude Scale [52] . All other items were generated with reference to Bandura's [6] guide for constructing self-efficacy scales. Bandura emphasizes that "self-efficacy scales must be tailored to activity domains and assess the multifaceted ways in which efficacy beliefs operate within the selected activity domain" (p. 310). Moreover, the scales need to reflect the levels of task demands and gradations of challenges to successful performance. Therefore, "sufficient gradations of difficulties should be built into the efficacy items to avoid ceiling effects" (p. 311). Additionally to the items that we adapted from other questionnaires, we identified different aspects that determine quality of functioning in the domain of human-robot-interaction. First, we focus on participants' beliefs of how easily they could generally (learn to) use or control a robot (example items: "Robots are easy to control." "I could easily learn how to use a robot."). Second, we focused on customization of the robot to one's own needs (example items: "I could teach a robot to complete easy tasks." "I could do easy adjustments on a robot by myself."). Third, we assessed participants' perceived ability to understand cause-and-effect-relations in a robot's behavior (example items: "If I would use a robot, I would always know how and why it behaves like it does." "To me, robots are a book of seven seals."). A fourth aspect was problem-solving with the robot (example items: "If I should solve a problem with the assistance of a robot, I could do that." "I could deploy a robot in a specific way to save time."). And the last aspect we identified was that of troubleshooting (example items: "If a robot is doing something wrong, I could find a way to change its behavior." "If there is a problem with a robot, I would try to solve it by myself before asking somebody for help."). For these five aspects, we made sure to generate items that reflect different gradations of challenges. For instance, a low gradation for general use would be "It is easy to use a robot." while a high gradation would be, "When dealing with robots, I could exhaust the full potential." Similarly, a low gradation of challenge for customization would be "I could do easy adjustments on a robot by myself." and a high gradation would be "I could program a robot."
Participants
Participants for this first study were recruited via Internet advertisement on several social networking sites and online discussion boards. The majority of the 201 participants (134 male; 2 not specified) were students (60.2%) or employees (35.3%). The remaining part stated to be selfemployed (2.5%) or did not indicate their status (2.5%). Age ranged between 19 and 60 years (M = 27.02; SD = 7.40). The majority of the participants used computers on a regular basis for work (94%) or in their free time (93%). More than a third of the participants (40.4%) already had previous contact with a robot, for instance, with vacuum robots, with robots in museums, or in programming classes in high school. 
Instruments
Participants filled in the first version of the SE-HRI Scale, as described above (cf. Table 2 in appendix for full list of items). The items were rated on a 6-point Likert scale from 1 ("strongly disagree") to 6 ("strongly agree").
Results and Discussion
In the following, we refer to single items according to the label they received during item generation (cf. Table 2 in appendix for full list of items with labels). The item analysis revealed no saliences except for one item ("I usually try out new technical devices before taking a look at the manual"). This item was excluded from further calculations due to insufficient item discrimination (Item-total-correlation = .132). All 201 cases were used in an exploratory factor analysis (EFA) to expose underlying latent variables behind the remaining 49 items. The Kaiser-Meyer-Olkin (KMO) [43] measure verified the sampling adequacy for the analysis, KMO = .947 ("superb" according to [40] ), and all KMO values for individual items were >.68, which is well above the acceptable limit of .5 [33] . Bartlett's test of sphericity indicated that correlations between items were sufficiently large for EFA (χ 2 (200) = 7482.502, p <.001; [8] ). Seven components had eigenvalues over Kaiser's criterion of 1 [44] and, in combination, explained 44.78 % of variance. The scree test [19] showed an inflexion that would justify retaining only two components. However, since Kaiser's criterion and scree test are affected with the risk of overfactoring [32] , an additional parallel analysis, according to Horn [37] , was conducted. Parallel analysis identified and suggested two factors whose empirical eigenvalues based on the sampling data were higher than the eigenvalues that can be expected to be obtained from completely random data. Given that two of the methods for factor extraction indicated two components, this was the number of components that were retained in the next step. Principal component analysis (PCA) with promax rotation was chosen as the extraction algorithm as recommended by Ferguson and Cox [32] . PCA resulted in two factors. By analyzing the factor loadings of each item, 14 items with main factor loadings <.5 and second factor loadings >.3 were excluded (see Appendix A3, Table 3 ). The remaining construct included 36 items with 30 items on the first factor. To validate this structure, two more iterations of EFA were conducted in which three more items were excluded due to low factor loadings. Table 1 shows the empirical and calculated eigenvalues according to the parallel analysis in the third iteration of EFA. PCA Note: Item labels refer to the initial list of 50 items, cf. Table 2 in appendix. showed satisfying factor loadings (>.400; cf. [63, 67] ) for all items. The final factor loadings and communalities are displayed in the component matrix in Table 2 . Thus, the two resulting factors of the PCA are: perceived self-efficacy with 29 items like "I could use a robot in daily life." or "I could adjust a robot according to my individual preferences." and loss of control with four items like "I do not have any influence on what a robot is doing" or "A robot does what it wants." The cut-down scale produced very high internal consistencies with Cronbach's alphas of .97 as well as high inter-correlations of items, which suggests redundancy within the scale and narrowness of the scale [13, 14] . Although not many, there are some items within the scale that seem to be formulated alike or which tackle similar tasks or beliefs (e.g., "It is easy to use a robot." and "I could easily learn how to use a robot."). According to Kline [45] "if one constructs items that are virtually paraphrases of each other, the results would be high internal consistency and very low validity" (p.3). As a result, we decided to keep the scale as it is, but we will be open to possibly further reducing the number of items in subsequent analyses.
STUDY 2. CONFIRMATORY FACTOR ANALYSIS OF GERMAN VERSION
The second study's purpose was to validate the previously found item structure and the extracted two-factorial design. Therefore, a confirmatory factor analysis (CFA) was performed on a second sample. Additionally, we followed the method of destructive testing by Anderson and Anderson [2] with analyses of convergent and discriminant validity. Bandura, Adams, and Beyer [7] note that past self-efficacy-related experiences regarding different domains may generalize and, therefore, can be transferred to other areas. Hence, we hypothesize that general as well as computeruser self-efficacy will be correlated positively with the SE-HRI Scale. Further, Celik and Yesilyurt [20] found that attitudes toward technology positively affect participants' perceived computer self-efficacy. Therefore, we hypothesize that negative attitudes toward robots will be negatively correlated with participants' self-efficacy in HRI. For examining discriminant validity, we chose to include people's tendency to affiliate and bond with others. We assume that perceived self-efficacy in HRI can be positively influenced by experience, and that increases in self-efficacy perceptions can explain individual differences in the evaluations of the robot. Regarding the latter, it is also possible that evaluations are positively influenced by people's need to affiliate and bond with others and their desire to make others like them. Since the interaction with the robot might satisfy needs for belongingness on a very basic level, the satisfaction of this need might result in more positive evaluations. However, it is important to note that fulfilling belongingness needs is distinct from competency acquisition, although both concepts might be relevant for evaluations in human-robot interactions. Hence, we hypothesize that people's tendency to affiliate with others will not correlate with perceived self-efficacy in HRI.
Participants
For this second study, 450 participants (288 female; 4 not specified) were recruited via local advertisement at the University of Duisburg-Essen and advertisements on social networking sites and online discussion boards. It is possible that there were overlaps in participants to Study 1. However, participants knew the purpose of the studies from the beginning and remembering the items would most likely not influence their ratings. As incentive, every attendant had the chance to win Amazon vouchers of a total value of EUR 600. The majority of the participants were students (72%), or employees (20.2%), while 2.2% were trainees, 7% self-employed, and 4.4% did not specify their occupation. Age ranged between 18 and 59 years (M = 25.15, SD = 6.66). About a third (36.2 %) of the participants already had previous contact with a robot.
Instruments
To validate the two-factor structure, all participants had to complete the refined version of the Self-Efficacy in HRI Scale that resulted from Study 1. Therefore, the above-mentioned convergent and discriminant constructs were operationalized by different parts of various questionnaires (cf. Cronbach's α = .698; subscale social: Cronbach's α = .764; subscale emotional: Cronbach's α = .638). In addition, participants' technology-related locus of control was measured using an instrument by Beier [10] (KUT; Cronbach's α = .787). The belonging subscale of the short Interpersonal Support Evaluation List (ISEL-12; [25] ; Cronbach's α = .745) was used to examine the Self-Effiacy in HRI's discriminant relation to belongingness as well as the Affinity Seeking Instrument (ASI; [11] ; overall scale: Cronbach's α = .848, subscale affinity seeking competence: Cronbach's α = .870, subscale strategic performance: Cronbach's α = .795). The ASI measures to which extent people attempt to get others to like and feel positive toward them on a 7-point Likert scale from "very strongly disagree" to "very strongly agree." Since the questionnaire shall be used in studies also involving technologically unexperienced elderly users, we further invited six older adults in order to identify potential wording-effects or other comprehension difficulties. Their comments were used to inform textual and content decisions on single items.
Statistical Analyses
The CFA was performed with the statistical modeling program Mplus (https://www.statmodel. com; version 6.12). Due to positive skewness, the assumption of multivariate normality was not achieved for any of the questionnaire items. Since the items were assessed using a 6-point Likert scale, the data can be considered as continuous [49] . Therefore, the Satorra-Bentler chi-square correction [58] (MLM estimator in MPlus), which is robust to non-normality, was used to perform the CFA. Following Schermelleh-Engel, Moosbrugger, and Müller [59] , Brown [15] , and Hu [39] , the subsequent fit-indices and well-established cut-off scores were used to verify the model fit: Absolute fit indices like the χ 2 -index and the standardized root mean square residual (SRMR; <.08), the parsimony fit-index root mean square error of approximation (RMSEA; <.08), as well as the comparative fit index (CFI; >.90). Due to the χ 2 statistics' sensitivity for sample sizes, the χ 2 to degrees of freedom ratio (χ 2 /df) was used to estimate the general model fit. Commonly used reference values are a χ 2 /df ratio of <2 for a good model fit and a ratio of <3 for an acceptable model fit [17] . All analyses regarding the construct validity were conducted using SPSS for Windows (version 22.0; IBM SPSS Statistics).
Results and Discussion

Confirmatory Factor
Analysis. The basic Self-Efficacy in HRI Scale had excellent internal consistency with Cronbach's α = .94 for the scale overall, Cronbach's α = .96 for perceived selfefficacy, and Cronbach's α = .88 for loss of control. The first CFA testing the basic questionnaire yielded a bad model-fit with χ 2 /df-ratio of 5.21 and poor values for the other fit-indices: RMSEA = .097, CFI = .84, and SRMR = .055. Therefore, further analyses focused on standardized residual loadings, item-correlations, as well as on suggestions regarding item formulation based on the qualitative interviews (see Appendix A3, Table 3 for excluded items and explanations). Respectively, eight further items were excluded, resulting in a construct consisting of 26 items with 23 items loading on factor one, perceived self-efficacy (Cronbach's α = .97), and three items on factor two, loss of control (Cronbach's α = .91). A general recommendation for scale development suggest that with as few as three items, adequate internal consistency reliabilities can be obtained [29] , but at least four items per subscale are needed to test the homogeneity of items within each latent construct [cf. 12, 36] . This called into question whether to stick with the two factor solution, especially because the results of the CFA also indicated only an acceptable model-fit for the two factor solution (χ 2 /df-ratio of 2.94, RMSEA = .066, CFI = .93, SRMR = .045). In addition, we explored the incremental validity using multiple hierarchical regression analyses for analyzing the specific predictive value of each factor of the SE-HRI Scale regarding the convergent validation constructs (e.g., general self-efficacy and computer user self-efficacy). We found that perceived self-efficacy had the strongest predictive value and that adding the factor loss of control as a second predictor showed only very small changes in R² (e.g., a change in R² from .261 to .281 for computer user self-efficacy, Table 4 ). Given these results and for the sake of test efficiency, we decided to dismiss the two-factorial solution and further explored a one-factorial solution. The next CFA based on the one factor model with 23 items showed a bad model-fit with a χ 2 /df-ratio of 3.19, RMSEA = .070, CFI = .93, and SRMR = .036. Hence, we conducted further analyses focused on standardized residual loadings, itemcorrelations, as well as on qualitative analyses of the item formulation gained from the qualitative German SE-HRI English SE-HRI CUSE (n = 450 (209))
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.492** .510** GSE (n = 450 (209))
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.025 .012 ASI (n = 450 (209) interviews. We identified five items that were excluded from further analysis (see Appendix A3, Table 3 for items and explanations). The final CFA based on the one factor model with 18 items showed a good model-fit with a χ 2 /df-ratio of 2.98, RMSEA = .066, CFI = .95, and SRMR = .029.
Construct Validity.
To check for construct validity, constructs that are assumed to be either convergent or discriminant to the construct of Self-Efficacy in HRI were correlated with the scores of the SE-HRI. As predicted, all convergent constructs were significantly correlated with SE-HRI (cf. Table 5 ). The participants' computer user self-efficacy, technology-related locus of control, and their general self-efficacy were positively correlated with their overall self-efficacy in dealing with robots. As assumed, the participant's negative attitudes toward robots were negatively correlated with their overall robot self-efficacy, which seems conclusive: Participants with strong negative attitudes toward robots seem to have lower beliefs about their capabilities in dealing with robots. Also, as expected, the two discriminant constructs belonging (ISEL) and affinity seeking were not correlated with the SE-HRI Scale at all (Table 6 ). Overall, these findings demonstrate that the SE-HRI Scale has a good construct validity.
STUDY 3-CONFIRMATORY FACTOR ANALYSIS OF ENGLISH VERSION
In parallel to the German version of the Robot Self-Efficacy Scale, we also created an English version in collaboration with an American native speaker. The 33 items, which were extracted via the EFA in Study 1, were translated into English. To evaluate the accuracy of the translation, we used the method of back-translation and let two previously not involved associates translate the English items back into the German language. The meanings of all back-translated items corresponded to the ones of the original items. Only a few minor wording issues were edited in consultation with the native speaker. To validate the English version independently, we conducted another survey in exactly the same manner (as in Study 2) with an English sample.
Participants
During the survey period, 209 (104 male; 105 female) participants were recruited via internet ads on social network sites and online discussion boards. As incentive, the participants also had the chance to win Amazon vouchers of a total value of US$600. The greater part of the sample consisted either of students (59.8%) or employees (28.7%). The rest were trainees (3.3%), self-employed (2.9%), or not specified (5.3%). The age ranged between 16 and 69 with an average of M = 26.48 (SD = 9.11). Nearly half (45 %) already had contact with a robot once, for instance, in programming classes at high school, in museums, or at work.
Instruments
In line with the survey in Study 2, we used the same instruments and measures in this study in the English language. Convergent constructs were the GSE (Cronbach's α = .876), CUSE (Cronbach's α = .947), participants' NARS (overall: Cronbach's α = .873; subscales: emotion Cronbach's α = .741, social Cronbach's α = .760, interaction Cronbach's α = .811), and participants' KUT (Cronbach's α = .779). Discriminant constructs were the belonging subscale of the ISEL (Cronbach's α = .643) and affinity seeking (ASI, overall: Cronbach's α = .862, affinity seeking competence: Cronbach's α = .854, strategic performance: Cronbach's α = .793).
Statistical Analyses
To evaluate the English version of the SE-HRI, we used the final model, which we previously extracted in Study 2 in a CFA. Like the German sample, the English sample also did not meet the assumption of multivariate normality for any item, due to positive skewness. Hence, the robust Satorra-Bentler chi-square correction [58] (MLM estimator in MPlus) was used to perform the CFA. The same fit-indices and cut-off scores as in Study 2 were used.
Results and Discussion
Confirmatory Factor Analysis.
The confirmatory factor analysis revealed that the final model from Study 2 also fits the English sample. The SRMR indicated a good model-fit with SRMR = .045, χ 2 /df-ratio = 2.27, RMSEA = .078, and CFI = .929.
Construct Validity.
To further examine the construct validity of the English version, convergent and divergent constructs were correlated with the scores of the SE-HRI. As expected, nearly all convergent constructs showed significant small or medium correlations with the SE-HRI comparable to Study 2 (cf. Table 4 ). Regarding the divergent constructs, weak but significant correlations were obtained between the SE-HRI and the overall affinity seeking, and the sub-scale affinity seeking competence. Visual examinations of the scatter plots revealed that the rather small correlations coefficients [23, 47] might not reflect linear relationships [48] (cf. Appendix A4, Figure 1) . All other correlations were not significant (cf. Table 5 ).
STUDY 4-EXPERIMENTAL STUDY ON SELF-EFFICACY IN HRI WITH DIFFERENT AGE GROUPS
The main focus of this study was to explore whether perceived self-efficacy in HRI can be positively influenced by enactive attainment or, in other words, the experience of mastery in an interaction with a robot [5, 6] , as it was shown with computers [66] . Further, we investigated whether more active and involving interactions have a greater effect than more basic interactions, and whether the change in self-efficacy beliefs in HRI mediates the evaluation of the robot itself. Even though the study was not exclusively designed for the purpose of scale development, it still puts the SE-HRI Scale in use as a mediator in an experimental setting and, thus, provides information on its functionality. Nevertheless, this study has already been presented in detail in another publication and would go beyond the scope of this article. Hence, we will only provide a brief summary of the study and present the findings that are important for the evaluation of the scale. Please refer to the corresponding publication for more details [3] .
Method
The study was conducted with a student sample and was partly repeated with a sample of seniors (with a slight variation in conditions), to also address age-related differences. The elementary concept was a 3x3 mixed design with three experimental groups and three repeated measures on participants' self-reported perceived self-efficacy in HRI. Participants in all three experimental groups engaged in an actual social interaction with the Nao robot by discussing foods and recipes. Prior to this social interaction, participants either had -no direct contact (read a fact sheet about the robot; control group), -basic contact (showing objects to the robot) or -active contact (training the robot to categorize objects) to the robot.
For the study involving senior participants, we followed a slightly different research question, exploring different mechanisms on how to adapt a robot and, thus, replaced Condition (b) with indirect active contact (training the robot through a programmer).
Participants, Procedure, and Measures
The student sample consisted of 60 (38 female, 22 male) participants who were recruited on campus. They were aged between 18 and 39 years (M = 22.42, SD = 4.08). The senior sample consisted of 60 volunteers (35 female, 25 male) aged between 60 and 84 years (M = 68.02, SD = 5.38) who were recruited using flyers in pharmacies, bakeries, bookstores, and recreation centers for seniors. Some participants were recruited online via Facebook. In total, the participants completed the SE-HRI Scale three times: upon arrival (T1), after the manipulation (T2) (fact sheet; basic contact/indirect contact; active contact), and after the social interaction (T3). At measuring point T3, participants also completed further questionnaires, including four subscales of the Godspeed Questionnaire (Anthropomorphism, Animacy, Liking, Perceived Intelligence) [9] , a semantic differential with 25 bi-polar items that are rated on a 5-point scale.
Results and Discussion
Results Student Sample. Student sample:
We conducted split-plot ANOVAs with the group factor experimental condition and repeated measures for perceived self-efficacy. We found a main effect for the repeated measures indicating that self-efficacy increased over the three measuring points (Table 7) and an interaction effect of the repeated measures with the experimental condition (F(38, 2) = 7.32, p < .001, η 2 = .204). Three separate ANOVAs were calculated to further explore these effects showing that interaction, in general, regardless of whether this interaction is basic or active, leads to higher self-efficacy (cf. [3] ). In addition, we assumed that changes in perceived self-efficacy predict evaluations of the robot, with greater increases leading to more positive evaluations. We calculated self-efficacy deltas (T3-T1) and conducted regression analyses with the self-efficacy deltas as predictor. We found significant regression models for Anthropomorphism, Animacy, Perceived Intelligence, and Likability, demonstrating that individual increases in selfefficacy result in more positive evaluations of the robot.
Results Senior Sample.
The same analyses were repeated with the senior sample and resulted in a main effect for the repeated measures on perceived self-efficacy, indicating that selfefficacy, in general, increased over the three measuring points (cf. Table 7 ). However, there was no effect for the experimental condition. The three separate ANOVAs revealed that, in contrast to the student sample, reading a fact sheet about the robot led to higher self-efficacy perceptions. Also for the seniors, we calculated self-efficacy deltas by subtracting perceived self-efficacy scores at T1 of those scores at T3 and conducted regression analyses with the self-efficacy deltas as predictor and the dependent variables from the Godspeed Questionnaire. No significant regression models emerged.
Discussion
. In summary, the interaction with the robot indeed led to increased selfefficacy and this individual increase in self-efficacy perceptions predicted positive evaluations of the robot and interactions for the student sample. The fact that interacting with a robot actually leads to increased scores on the SE-HRI Scale is another indicator for good construct validity.
Moreover, showing the predictive characteristic of the SE-HRI Scale emphasizes its explanatory value as moderating or mediating variables in HRI studies. To our surprise, the findings of the first study could not be replicated with the senior sample. We discussed implications of these findings in our earlier work [3] , for instance, that regarding self-efficacy in HRI, seniors might benefit more from vicarious experience or other specialized trainings instead of mastery experiences. However, it is also possible that the unexpected results are due to limitations of the study and the design of the scale. Compared to the students who are familiar with study participation, answering schemes of scales and the like, we observed that senior participants had problems understanding the instructions, which resulted in attempts to appear coherent in their answers, the tendency to extreme responding or other biases (cf. [3] for more details).
We concluded that the instructions should be made more explicit to the seniors: participants should know they have to indicate their current (not imagined) level of self-efficacy, that selfefficacy might change during the course of the experiment and, hence, that they do not need to be consistent in their answers. When using our scale as a mediator "in the sense that individual increases in self-efficacy predict evaluations," scholars will need to administer the scale at least twice. Regarding unexperienced study participants, it would be beneficial to use a shorter version in order to not over-stress patience and to keep participants motivated.
STUDY 5. CONFIRMATORY FACTOR ANALYSIS OF SHORT VERSION
Based on the feedback we received during the two experimental studies, we developed a short version of the scale and set up another online survey to validate this shorter version. We performed EFAs on the data sets from Study 2 and 3 with the 18 items version of the scale. Although item discrimination and item factor loadings were good for all items, we concentrated on the weakest items and omitted five items with the lowest item discrimination (<.657) and factor loadings (<.674) with the positive effect that the explained variance minimally improved with every omitted item (see Appendix A3, Table 3 ). We then calculated the model fits on both samples (German and English) and reviewed item correlations and suggestions for modifications, which led us to omit three further items (see Appendix A3, Table 3 ). The remaining 10 items were used in the following online survey.
We also revised the instructions for the scale. As Bandura points out, "it is easy for people to imagine themselves to be fully efficacious in some hypothetical future" [6, p. 313] . Indeed, we observed this answering behavior in quite a number of our senior participants in Study 4. Bandura [6] suggests to clearly state that evaluations should be based on their current status or constitution and to provide an example item [cf. 6, p. 313]. Hence, we changed the instruction to: "Below you will find several statements regarding your feelings about robots. You should evaluate these statements based on your current constitution. It is not about your potential skills in the future. Example: 'It would be easy for me to lift a 300lb dumbbell.' When evaluating this statement, you should do so based on your current strength, and not based on your potential strength in the future, when you intend to train for it."
As a final improvement, we decided to rework the answering scheme. Initially, we followed the approach of other scholars designing self-efficacy scales by using a Likert scale (e.g., for general self-efficacy, Schwarzer & Jerusalem [60] used a 4-point Likert scale). However, Bandura suggests that scales that use only a few steps should be avoided and argues that "people usually avoid the extreme positions so a scale with only a few steps may, in actual use, shrink to one or two points. Including too few steps loses differentiating information because people who use the same response category may differ if intermediate steps were included" [6, p. 312]. Bandura suggest to use a rather wide range within the measure, either a ten-point Likert scale or better people should report strength of their efficacy beliefs with a number between 0 and 100. In our study, we used a slider ranging from 0 to 100 with the ends "cannot do" and "certainly can do."
Participants
For the CFA of the short version of the scale, 196 participants (101 male; 95 female) were recruited via crowdflower (www.crowdflower.com) and received thirty cents USD/Euro for participation. The questionnaire was accessible to crowdflower contributors from the US, Canada, and Great Britain for the English sample (n = 83) and Germany, Switzerland, and Austria for the German sample (n = 113). The greater part of the sample consisted either of students (16.3%) or employees (47.4%). The rest were trainees (4.6%), self-employed (14.3%), or not specified (17.3%). The age ranged between 18 and 82 with an average of M = 36.91 (SD = 13.97). Twenty-seven percent already had contact with a robot once, for instance, in programming classes at high school, in museums, or at work.
Instruments
In line with the survey in Study 2 and 3, we used the same instruments and measures in this final study. Convergent constructs were again the GSE (Cronbach's α = .864), CUSE (Cronbach's α = .957), participants' NARS (overall: Cronbach's α = .870; subscales: emotion Cronbach's α = .717, social Cronbach's α = .747, interaction Cronbach's α = .843), and participants' KUT (Cronbach's α = .795). Discriminant constructs were the belonging subscale of the ISEL (Cronbach's α = .883) and affinity seeking (ASI, overall: Cronbach's α = .846, affinity seeking competence: Cronbach's α = .860, strategic performance: Cronbach's α = .787).
Instead of the 18-item version of the SE-HRI, we administered the 10-item short version as described above, including the new answering scheme and instructions (Cronbach's α = .941). Moreover, we presented all 10 items again, asking participants whether they feel this is an easy or difficult task (e.g., "I could get a robot to perform a specific task. " -"I find this task... easy/difficult"). This was to ensure that efficacy in HRI "is measured against levels of task demands that represent gradations of challenges or impediments to successful performance" in HRI [6, p. 311].
Results and Discussion
Confirmatory Factor Analysis.
To evaluate the short version of the SE-HRI, we used the 10 items in a CFA. Like in the previous online surveys, the sample did not meet the assumption of multivariate normality for any item, due to positive skewness. Hence, the robust Satorra-Bentler chi-square correction [58] (MLM estimator in MPlus) was used to perform the CFA. The same fit-indices and cut-off scores were used in this analysis.
The confirmatory factor analysis revealed that the 10-item model fits the German sample: The SRMR indicated a good model-fit with SRMR = .038, χ 2 /df-ratio = 1.48, RMSEA = .065, and CFI = .973. For the English sample, the model achieved an acceptable model fit with SRMR = .059, χ 2 /dfratio = 1.97, RMSEA = .108, CFI =.942.
Construct Validity.
To examine the construct validity of the scale, convergent and divergent constructs were correlated with the scores of the SE-HRI. As in Study 2 and 3, all convergent constructs showed significant small or medium correlations with the SE-HRI comparable (cf. Table 8 ). Yet, the correlations were slightly smaller than in the previous studies, which, most likely, is a methodological artifact resulting from the change in the answering theme and the varying demographic data (e.g., mean age and occupation). Regarding the divergent constructs, significant correlations were obtained between the SE-HRI and the affinity seeking instrument. The ISEL was not correlated with the SE-HRI. We chose "need to belong" (affinity seeking) as the discriminant variable, because interacting with a robot might satisfy the need to belong on a very basic level, and fulfilling these needs might result in better evaluations of the robot (as discussed in the article). Self-efficacy beliefs and affinity seeking should be separate constructs, but our data suggests that people scoring higher in affinity seeking also express a higher self-efficacy belief in human-robot interaction. Examining the two scales carefully, this might originate from a general wording issue. The ASI items are quite active in their phrasing ("If I put my mind to it, I could get anyone to like me." "I am good at getting others to want to hang around with me.") and somewhat goal oriented (increased likability in others). These phrasings are a bit similar to the SE-HRI scale in terms of reaching goals and active phrasing ("I can make a robot do what I want.", "I can fulfill certain tasks with the help of a robot."). In that sense, retrospectively, the ASI was not a good choice to be used as a discriminant validity measure. In future studies, we would suggest to use the "need to belong scale" by Krämer et al. [70] , which focuses less on behavioral strategies but rather on the individual perceived importance of relationships and the fear of losing those relationships.
Moreover, we wanted to make sure that we generated items that measure self-efficacy in HRI against levels of task demands that represent gradations of challenges to successful performance in HRI. Therefore, we asked participants to rate all 10 items as either easy or difficult to ensure that items cover some range in perceived task difficulty. Indeed, five tasks seem to be perceived as easy by the majority of participants (>60% easy; see Appendix A5, Table 4 ) while four tasks were perceived as easy by about half of the participants (<60% easy; see Appendix A5, Table 4 ), and one was perceived as difficult by the majority (If a robot is doing something wrong, I could find a way to change its behavior: 27% easy).
Face Validity.
In addition to the construct validity checks, we checked for face validity, i.e. "the appropriateness, sensibility, or relevance of the test and its items as they appear to the persons answering the test ( [71] , p. 78). We administered a small-scale survey asking for face validity of the scale. Participants received the final 10-item version of the scale alongside with a lay language definition of self-efficacy in HRI: "Self-efficacy is the self-belief in our competence or chances of successfully accomplishing a task and producing a favorable outcome. Self-efficacy in humanrobot-interaction is the self-belief in our competence or chances of successfully accomplishing a task together with a robot or with the use of a robot and producing a favorable outcome." We then asked participants to carefully read the scale and assess whether, in their opinion, the scale measures self-efficacy in HRI on a 7-point Likert scale from "strongly disagree" to "strongly agree." Our 23 participants (13 female; aged 20-47, M = 27.74, SD= 6.8) overall stated high face validity of the scale (M = 5.65; SD = 1.07; Range 2-7).
Exploration of Self-Efficacy Beliefs in the Sample.
As a last step, we wanted to explore how strong or weak people's self-efficacy in HRI beliefs are and which factors influence these beliefs.
Previous experience. We asked participants whether they already interacted with a real robot. Those who did reported higher self-efficacy beliefs (M = 60.58; SD = 23.18; n = 59) than those who did not (M = 49.88; SD = 22.96; n = 137; F(1,195) = 8.902, p = .003, η 2 = .044).
Age differences. It could be assumed that older participants might have had less contact with robots and, thereby, might also score lower on the SE-HRI. Indeed, those participants who already interacted with a robot were younger (M = 32.29; SD = 12.14; n = 59) than those who did not (M = 38.90; SD = 14.27; n = 137; F(1,195) = 9.639, p = .002, η 2 = .047), but there was no significant correlation between age and the SE-HRI. However, the sample acquired for the validation of the short scale is not necessarily representative. We had only 14 cases of older adults (60+) in the sample. Moreover, these 14 work frequently as "click workers".
GENERAL DISCUSSION
The aim of this work was to create and validate a measure for users' self-efficacy expectations in HRI. We will briefly discuss the scale development process and future work in this regard. We then discuss how the new scale can be used in HRI studies.
Scale Development Process
In four survey studies and one experiment, we developed a one-factorial scale with good psychometric properties for a long (18-items) and a short (10-items) version in the German and English language. Our data suggests that the items used in the scale assess a spectrum of interaction or task difficulty in HRI. Overall, both versions of the scale showed good model fit and good construct validity. Regarding the divergent construct "affinity seeking," we found unexpected positive correlations (sometimes for the English subsample, sometimes for both subsamples). An inspection of the scale's wording revealed that items in the ASI and SE-HRI are similar in terms of being formulated actively and goal-oriented. For future analyses on divergent construct validity, researchers should better use other non-related constructs or a different scale to include "need to belong" (e.g., Krämer et al. [70] ).
Regarding future work, we want to further test the applicability of the newly developed scale, especially in studies involving children and technologically unexperienced elderly users, because these user groups are special target groups for current developments in companion robotics. Applying the scale will show whether the revised instructions are easier to understand and follow for these user groups. Another goal for future work is to provide other language versions of the scale.
Moreover, it would be very informative to include assessments of participants' stereotypes of robots. Working on negative attitudes toward robots in cross-cultural studies, Nomura and colleagues [53] found that Japanese have humanoid robots in mind when giving statements about their negative attitudes. This is not necessarily the case for other cultures. While the general picture of a computer setup or a smart phone is an established one and the same for every participant, the general picture of the robot can vary greatly. Robots can take a broad range of different forms-from robotic arms in factories, over autonomous vacuuming devices, to humanoid and android robots. Each of these forms imply different interaction and communication abilities [57] and, therefore, put different demands on the user on how to handle the system. This can greatly influence participants' efficacy beliefs regarding successful human-robot interaction.
Why a Specialized Scale for HRI?
While self-efficacy in HRI was correlated with general self-efficacy and computer self-efficacy, participants reported higher self-efficacy beliefs on the two latter constructs than on HRI selfefficacy (data from Study 5): This supports the domain-specificity of self-efficacy, also with regard to HRI-related self-efficacy beliefs. Using more generalized scales to assess self-efficacy in HRI might lead to wrong estimates about how capable people feel in interacting with robots. This could have a negative impact, for instance, when designing trainings, because teachers and tutors would possibly design for participants whom they believe to be more capable and self-confident in their capabilities than they really are.
Are Self-Efficacy Beliefs in HRI Stable or Subject to Change?
According to Bandura [7] , self-efficacy beliefs (and, therefore, also self-efficacy in HRI) can be altered via four mechanisms:
(1) enactive mastery experiences are most effective since they serve as indicators of capability: success raises self-efficacy perceptions, and failure lowers them; (2) observing other people's success or failure can serve as proxy to determine one's own self-efficacy, especially when we regard ourselves as similar to the model; (3) besides experiencing oneself or observing other people experiencing success, one can also be encouraged or discouraged by social persuasion; and (4) depending on the level of self-efficacy, physiological factors influence self-efficacy, as well: in stressful situations, people with high self-efficacy for the task at hand might regard physiological arousal as normal, while people low in self-efficacy might interpret this as a sign for inability, thereby, reciprocally, further decreasing self-efficacy Hence, self-efficacy beliefs in HRI are not a stable construct but might change due to mastery experience via observing other users successfully interacting with robots, or by persuasive messages telling users that they are capable of successfully interacting with a robot. In sum, the two most fruitful ways to positively influence self-efficacy perceptions are enactive mastery and vicarious experiences. With vicarious experiences, we mean observing a relevant other (peer) successfully interacting with a real robot. We do not believe that exposure to science fiction increases self-efficacy beliefs. In contrast, we believe that science fiction is less important for self-efficacy beliefs. Based on movies, users will most likely have exaggerated expectations about what a robot is able to do. But they are less likely to have exaggerated (low or high) expectations about how capable they feel about interacting with them and fulfilling certain goals while doing so. Self-efficacy beliefs can be distinct from science fiction exposure but will not be distinct from direct experience with robots. Interacting with robots and thereby gaining mastery experience will positively influence self-efficacy beliefs as will observing relevant others interacting with a robot. This can also be found in our data. We asked participants whether they already interacted with a real robot. We saw that participants who already interacted with a real robot reported higher self-efficacy beliefs than those who did not (in Study 5).
Self-Efficacy in HRI as Predictor for Performance and Evaluations
Following Bandura's work [5] [6] [7] we conceptualize self-efficacy in HRI as a strong predictor for performance, interaction satisfaction, and evaluation in human-robot-interactions. Bandura [5] hypothesized that self-efficacy beliefs mediate the effect of other determinants of performance on subsequent performance. Mediational analyses in different domains indeed lend support for a "dual causal linkage: Postulated determinants alter self-percepts of efficacy: and self-percepts of efficacy, in turn, affect motivation and action." (p. 360). A lot of work has proven this mediating or moderating role for different domains, for instance, regarding mathematical problem solving [55] , job performance [61] or academic performance [54] , and pain coping [4] or coping with stressful life events [50, 61] , just to name a few areas of functioning. The same dual linkage as described above can be assumed for the domain of HRI.
Indeed, we found in our experimental study with the student sample that self-percepts of efficacy in HRI can be altered by interacting with a robot and thereby experiencing mastery of this new situation. We also assumed that an interaction situation in which participants have more opportunities to exert control over the robot, for instance, by teaching it relevant information, would lead to greater increases of self-efficacy than a more basic interaction. This was, however, not the case in our study. There was a general positive effect of interaction, but the "quality" of the interaction did not influence changes in self-efficacy beliefs.
Moreover, Bandura argued that constructs used to evaluate outcomes can be the result of selfefficacy judgments. We also found that the individual increase in self-efficacy perceptions predicted positive evaluations of the robot and the interaction at least within the study with the student sample. Given this, self-efficacy beliefs can be used in two ways in HRI studies.
SE-HRI as Moderator.
First, self-efficacy can be used as a moderator. Just like personality trait variables and/or age and/or gender, researchers can include self-efficacy beliefs as an independent (IV) or moderating variable (MV). For this purpose, the scale should be administered at the beginning of the study before interaction with a robot or exposure to HRI material (like videos) takes place. Researchers can than use SE-HRI as a predictor for evaluation outcomes in, for instance, regression analyses (SE-HRI as IV). One could also split the sample into people scoring high or low in self-efficacy and run t-tests or Anovas with SE-HRI as IV. Moreover, SE-HRI scores can be used in analyses of covariance in order to control for the effect of self-efficacy beliefs that are not of primary interest in the experimental study (but will most likely have an influence on performance and evaluations).
SE-HRI as
Mediator. Second, self-efficacy can be used as a mediator just as we used the concept as a mediator in Study 4 in order to explain evaluations of the robot. For this purpose, participants should fill in the questionnaire (at least) twice: prior and after an interaction with a robot or exposure to HRI material (like videos). Then researchers can calculate the individual change in self-efficacy in HRI beliefs by taking the SE-HRI scores after the interaction and subtracting the score from prior to interaction (i.e., calculate SE-HRI differences or deltas between the two measuring points). This new measure can than be used for mediation analyses in order to see whether the indirect effect of the independent variable on the outcome variable is mediated by self-efficacy changes.
CONCLUSION
We introduced the SE-HRI Scale, which was validated with a German and an English sample. We can shed light into the status quo of self-efficacy perceptions regarding HRI in our society, which will inform researchers as well as developers. Moreover, it can serve as an assessment for the efficiency of trainings, for instance, in the context of product launches. As a first proof of concept, we successfully applied the new measure in an experimental study. Based on the feedback from this study we created and tested a shorter version to put in use especially with senior samples or for time efficiency reasons. If a robot is doing something wrong, I could find a way to change its behavior. 16 Roboter sind einfach zu kontrollieren. Robots are easy to control. 17
A APPENDIX
Ich könnte einen Roboter so einsetzen, dass ich dadurch Zeit sparen würde.
I could deploy a robot in a specific way to save time. 18 Ich bin mir sicher, dass ich einen Roboter steuern könnte.
I am very confident in my abilities to control a robot.
Tested with a 6-point Likert scale from 1 ("Strongly Disagree") to 6 ("Strongly Agree"). self-generated CFA SE-HRI50 I could interact with a robot in a group.
Ich könnte in einer Gruppe mit einem Roboter interagieren.
self-generated CFA Items displayed with the respective source of the item (if applicable) and a note whether the respective item has been excluded during EFA or CFA or is part of the final version of the scale.
